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Weather and climate extremes are of many types and they result in various physical and environmental
impacts. The massive ﬂooding and inundation in the Chao Phraya River basin, in Thailand, caused serious
damage to various activities for a prolonged period of time. The consequence of 2011 great ﬂood was a
total of 815 deaths and has been recorded as the most economic damage (US$45.7 billion). The present
study analyses the skill of the two generations of global climate model ensembles, CMIP3 and CMIP5, in
projection of precipitation. We ﬁrstly examine the ﬂood behavior in 2011 and perform statistical
downscaling for 9 GCMs of CMIP3 and CMIP5. The observed precipitation data from 83 stations around
the country were interpolated to grid data using various methods. The Inverse Distance Weighted (IDW),
after performing cross-validation, is found to give the best statistical performance and is used for GCMs
assessment. Both CMIP3 and CMIP5 models underestimate the mean precipitation in the southwestern
and eastern regions for historical climatology (1980–1999). The CMIP3 and CMIP5 MME show similar
pattern but different magnitudes (CMIP5 gives higher mean precipitation than CMIP3). The majority of
CMIP3 and CMIP5 models overestimate the dry spell and the peak precipitation. The precipitation pro-
jection was downscaled by the distribution mapping for the near-future (2010–2039), the mid-future
(2040–2069) and the far-future (2070–2099). Both model generations perform reasonably well in cap-
turing the amplitude and phasing of past mean annual precipitation. The correlation coefﬁcient from all
models lies between 0.6 and 0.9, implying reasonable simulation. The summer monsoon precipitation
has an increase trend (from low to high GHG emissions), of 7–32% in October, 6–28% in September, and 8–
20% in September for Bhumibol reservoir, Sirikit reservoir, and Nakhon Sawan, respectively. A possibility
of increase in hydrological extreme ﬂood in the wet season may be indicated by these ﬁndings.
& 2016 The Author. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Weather and climate extremes can result in various physical
and environmental impacts. Extremes occur at different spatial
and temporal scales, from continental-scale multi-year drought, to
large-scale heat-waves and urban ﬂoods that last days to several
weeks, and to localized short duration events such as ﬂash ﬂoods.
The physical and environmental impacts of weather and climate
events are also complicated by many other factors. For example,
the severity of ﬂooding or drought can be very different for a si-
milar storm or precipitation deﬁcit depending on antecedent soil
moisture conditions. Compound events, the combination of dif-
ferent extreme events or even a series of events that are not in-
dividually extreme (e.g. IPCC 2012, Seneviratne et al. 2012), can
have far reaching devastating impacts. For example, coastal.V. This is an open access article uinundation can be caused by local precipitation, high wind and
wave, high tide, and combinations of some or all these factors;
extreme temperatures in heat waves soar under low-moisture
conditions, such as observed for the 2003 European heat wave.
Observations reveal changes in the frequency and intensity of
many kinds of extremes such as extreme temperatures and pre-
cipitation, or severity of ocean winds and waves. There is also
evidence indicating that some of these changes can be attributed
at least in part to forcing external to the climate system, such as
increased greenhouse gases and global warming. The impact of
global warming is likely to increase vulnerability from climate
disasters, especially increase the frequency and harshness of
weather events such as heavy rainfall, shifting in rainy season,
increasing in number wet days. Therefore, it would need rather
long-term future climate projection to be able to clearly detect the
change in future climate pattern (IPCC et al., 2007a).
Southeast Asia is expected to be severely affected by the cli-
mate change impacts due to the high dependency of economy onnder the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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The region's water resource is already affected by the rapid po-
pulation growth, urbanization and agricultural demand. Recent
extreme events in Thailand shows it is under water crisis, in ad-
dition the intensity of the extreme events are also expected to
increase in the future. Two most important problems attributed by
climate change in the region are ﬂoods and droughts. Flooding
negatively affects the crops, livelihoods and infrastructures
throughout the country whereas drought affects the crop pro-
duction speciﬁcally in the central and northeast regions. Similarly,
studies show that the impact of climate change are regional and its
affects are also concentrated at regional scale although the water
management policies target at national scale.
Since the Coupled Model Intercomparison Project (CMIP) was
launched in 1995, coupled ocean-atmosphere general circulation
models developed in dozens of research centers around the world
have been compared and analyzed extensively. The program has
improved our scientiﬁc understanding of the processes of Earth's
climate system and of our simulation capabilities in this ﬁeld.
CMIP also plays an important social role by contributing to the
Intergovernmental Panel on Climate Change (IPCC). The CMIP
phase three (CMIP3) provided the scientiﬁc base for the Fourth
Assessment Report (AR4) of IPCC published in 2007. The CMIP5
data are now available for analyses and are expected to provide
new insights on our climate for the Fifth Assessment Report (AR5).
The data have been available since 2012 and the AR5 was pub-
lished in 2013 and 2014.
The latest generation of Global Climate Models (GCMs), the
framework of the ﬁfth phase of the Coupled Model Inter-
comparison Project (CMIP5), reﬂects 5–6 years of effort by multi-
ple climate modeling groups around the world. Compared to
CMIP3, CMIP5 models typically have ﬁner resolution processes,
incorporation of additional physics, and better-developed or well-
integrated earth system components (Taylor et al. 2012). Emerging
literature on CMIP5 (Taylor et al. 2011a, b, 2012; Meehl et al. 2009)
has reported improvements in simulating certain key processes.
Kug et al. (2012) reported that CMIP5 suite of models performs
slightly better than CMIP3 models in simulating two types of El-
Nino events: Warm Pool El-Nino (a new type) and Cold Tongue El-
Nino (the conventional El-Nino). A few studies have been per-
formed on the intercomparison of the performance of CMIP3 and
CMIP5 (Brands et al. 2013; Joetzjer et al. 2013). Blázquez and Nu-
ñez (2013) studied internal and inter-model variability in future
climate projections with eight models of CMIP3 and CMIP5 over
South America. Cattiaux et al. (2013) studied historical biases and
future uncertainties in temperature over Europe by CMIP5 and
compared with the known results from CMIP3 models. However,
other emerging studies have reported no improvements of note in
CMIP5 compared to CMIP3 (Knutti et al., 2010).
For the last two decades GCMs have conﬁrmed to be an es-
sential tool for climate change impact assessment studies. Al-
though the simulated scenarios are advisable for the regional to
national scale studies, they are less suitable for basin level studies
due to their coarse spatial resolution. Several techniques have
been developed to overcome this issue but still there is a demand
to further develop the existing methods for impact assessment
studies. Bias correction has been successfully applied in many
parts of world for linking GCMs and hydrological models of impact
assessment (Xu et al. 2005; Koutrolis et al., 2013). The use of hy-
drological models in climate change studies can range from the
evaluation of annual and seasonal streamﬂow forecasting using
simple water-balance models (Arnell, 1992) to the evaluation of
ﬂood and drought impact processes (Cameron, 2006; Vasiliades
et al. 2009; Arheiner and Lindstrom, 2014). Recently, the use of
multi-model ensembles for climate change impact studies has
become much more routine (Christensen and Lettenmaier, 2007;Maurer, 2007). The advantage of using many GCMs for future cli-
mate projection is that the uncertainty in the projection, as re-
presented by model consensus or spread, can be quantiﬁed.
However, most of the available hydrological impact studies focus
either at a relatively large spatial scale or on projections at a low
temporal resolution (seasonal/ annual changes etc.). In contrast,
the number of studies on regional impacts or extreme events, such
as ﬂooding peaks and droughts, is still limited.
Despite of the signiﬁcant progress on the basin level climate
change impacts assessment studies, a comprehensive study com-
prising of basin scale study attributing to national level ﬂood
management is necessary for Thailand. With limited adaptive ca-
pacity, the people are expected to be severely threatened by the
additional inﬂuence of climate change. In order to address this
issue, the precipitation projection at the local scale is a key input
for ﬂood impact assessments. In this study, we select the Chao
Phraya River basin for the case study and employ projections of
9 GCMs of CMIP3 and CMIP5, each under a low and high green-
house gas (GHG) emission scenario (IPCC et al., 2000). Therefore,
we examine the difference in impacts under CMIP3 and CMIP5 at
least 4 emission scenarios, B1, A2, RCP4.5, and RCP8.5. All these
ﬁndings will carry implications related to the degree to which the
region will need to adapt to projected changes in precipitation and
ﬂood and drought from the future warming.2. Study area: Chao Phraya river basin and ﬂooding history
Thailand has begun using river basin based water resources
development and management systems since 2002 by dividing the
country into 25 river basins(Fig. 1), covering an area of approx.
513,000 km2. Tropical wet climate dominates the country how-
ever; the south and east experience a tropical monsoon climate.
The wet season starts with the monsoon from May to October
contributing 75% of total rainfall and consecutively leaving rest
part of the year dry with very low available water. Dry period
extends longer in the Northeast part of the country from No-
vember to April. In general the seasons can be classiﬁed as follows:
Summer season This occurs from February to May during
transition between northeast monsoon and southwest monsoon,
during which temperatures range from 35.0 to 39.9° Celsius.
Rainy season This occurs from May to October during which the
southwest monsoon blankets the country with wind and rains,
until reversed by the northeast monsoon in October, when tem-
peratures cool down and rainfall declines, particularly in the north
and northeast regions. However in the south of the country, the
rain continues through December and sometimes is so heavy that
it causes ﬂooding on the eastern side of the region.
Winter season This occurs from October to February when the
northeast monsoon begins to cover the country. The transition
period during October is marked by climate variability.
Total average annual rainfall is about 1572.2 mm. During
summer, the western coast of the south experiences more annual
rainfall than the East with highest precipitation rates in Septem-
ber. During winter, the reverse is the case, with heaviest rainfall in
November. Thailand is located in the tropical climate zone and
thus experiences high temperatures year-round with an average
annual temperature of 27 °C, with a maximum daily temperature
of 40° C during the summer season. During winter, the central of
Thailand primarily was buffeted by winds from the north and
northeast. In the south the winds are coming from the northeast
and east. During the rainy season most of the winds are coming
from the west, southwest and south.
In this study, we are interested in the Chao Phraya river basin
group (Fig. 1b), which is the largest basin in the country, covering
an area of 159,000 km2 or about 35% of the total land area of the
a) 25 river basins b) Chao Phraya river basin
Bhumibol Sirikit
NakhonSawan
Fig. 1. The river basin in Thailand.
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–14 3country. There are two main rivers bisecting the delta area: the
Tha Chin River on the west and the Chao Phraya River (the main
stream) on the east. The basin forms up by 4 large tributaries: the
Ping, Wang, Yom, and Nan originate from the mountainous terrain
in the northern part of the country. There are 2 main reservoirs,
namely Bhumibol and Sirikit (indicated by red stars) located in the
Ping and Nan rivers. These four tributaries ﬂow southward to join
each other in Nakhon Sawan to become the Chao Phraya River. The
river ﬂows southward through a large alluvial plain to reach the
sea at the Gulf of Thailand.
One plausible consequence of global warming is acceleration of
the hydrological cycle, which is simply the balance among global
evapotranspiration, rainfall, surface runoff, and storage. Accelera-
tion may increase the frequency and/or intensity of extreme
events, which occur annually throughout monsoon Asia. Thailand
is affected by two tropical weather patterns during its “rainy”
season: the southwestern monsoon that originates in the Indian
Ocean and tropical storms that originate in the Paciﬁc. The2006 2010
Fig. 2. Past10-year severe ﬂoods in themonsoons are the primary driver of rainfall during the rainy sea-
son, which lasts from June to December, and ﬂooding often occurs
during the regular heavy monsoon rains. Tropical storms are less
common in Thailand, but combined with monsoon rains, they
helped to cause the two largest ﬂoods in recent years.
Over the past 10 years, severe ﬂooding in Thailand has become
increasingly common. Fig. 2 shows the ﬂood extents of three of the
most severe ﬂoods in the Thailand's recent decade. The 2011
ﬂoods in the Chao Phraya basin were the worst ﬂoods ever re-
corded in the country, and the estimated US$ 45.7 billion in costs
make it more expensive than Hurricane Katrina (World Bank
2011). The 2011 rainy season was inﬂuenced by both the north-
west monsoon and the tropical storm, commencing with Nock-Ten
which made landfall at Vietnam and became a tropical depression
before moving to Thailand at the end of July (Nan province). In
addition, there were four storms (Haima, Haitan, Nesat and Nal-
gae) that caused medium to heavy rainfall from June to October in
the north and northeast of Thailand (see Fig. 3). The continuous2011
Chao Phraya river basin (GISTDA).
Nock-ten
Haima
Haitang
Nesat
Nalgae
Fig. 3. Storm tracks in 2011 (TMD).
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is 42% more than the 30-year average value. This causes signifant
accumulated run-off volume passing Nakon Sawan province more
than 30,000 mcm compared to approximately 27,000 mcm in
2006. Due to the limited capacity of the Chao Phraya River and the
Pasak River, several riverbank overﬂows occurred, and dykes along
the river were broken causing excessive ﬂow to many commu-
nities beside the river and downstream. The inundation area was
estimated to be 14,000 km2 with the ﬂood volume of approxi-
mately 10,000 mcm in the ﬂoodplain from Nakon Sawan to Ayu-
thaya. In total, the ﬂoods damaged 18,291 km2 of farmland and
804 factories, and killed 813 people.
Although efforts have been made to mitigate the ﬂood damage
in the Chao Phraya River Basin through several structural mea-
sures (construction of dams, reservoirs, dikes and pumping sta-
tions), ﬂooding still causes much more impact as a result of de-
forestation, farmland expansion and urban development. The
ﬂood damage potential is increasing due to climate change, rapid
urbanization, and land development in downstream areas; parti-
cularly in Ayutthaya and its municipalities along the Chao Phraya
River.Fig. 4. Comparison of areal precipi3. Data, methodology, and climate downscaling
3.1. Observed data and areal interpolation
Daily precipitation data from 83 meteorological stations for the
period 1980–1999 were obtained from Thailand Meteorological
Department (TMD). The areal precipitation was estimated by
5 methods (Kriging, Inverse Distance to a power, Local polynomial,
Minimum curvature, and Radial basis function) with a resolution
of 0.5°. Figs. 4 and 5 display the comparison of the mean monthly
precipitation among interpolation methods during the wet and
dry seasons, respectively. For comparison, the Aphrodite product
V1003 (Yatagai et al. 2009), which was developed for the period
from 1951 to 2007 over monsoon Asia in 0.25°0.25° grid cells
from observations made by a dense network of rain gauges was
used in this study. The associated statistics are given in Table 1.
Most of methods give higher precipitation in the eastern and
southwestern regions. Better statistics are found in the dry season
than the wet season. It is found that both the Inverse distance
Weighting (Figs. 4b and 5b) and Kriging (Figs. 4c and 5c) methods
give better results than other methods.tation in wet season (MJJASO).
Fig. 5. Comparison of areal precipitation in dry season (NDJFMA).
Table 1
Statistics of precipitation interpolation.
Method MJJASO NDJFMA
RMSE R RMSE R
Kriging 3.6192 0.3789 0.8445 0.8942
Inverse distance weighting 2.7912 0.3428 0.6191 0.9586
Local polynomial 4.9460 0.1220 0.7262 0.9023
Minimum curvature 4.3662 0.3765 1.0623 0.8891
Radial basis function 3.5323 0.3630 0.8262 0.8989
Table 2
Statistics of the cross validation result.
Method MJJASO NDJFMA
RMSE STD RMSE STD
Kriging 10.1888 3.2080 3.0793 1.9399
Inverse distance weighting 7.0293 1.2635 2.1620 1.0756
Local polynomial 13.4175 7.0387 4.1969 3.3315
Minimum curvature 12.6892 5.9011 4.6989 3.4975
Radial basis function 10.0200 3.0913 3.0529 1.9103
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–14 5In addition, the cross-validation with the station data was also
performed by the delete-one method. This method is a process
that eliminates bias in interpolation methods which generally
exists when all data points (i¼1,2… n) are used to predict a value
at a point i. The delete-one method involves removing one ob-
servation point (j) at a time from the whole data set to estimate a
value of rainfall at j from the remaining (n-1) data points (Tomczak
1998). The associated statistics are also given in Table 2. The in-
verse distance Weighting is found to be the best method and it
will be used for the assessment of precipitation projection by
GCMs.
3.2. Model products
Monthly precipitation data have been extracted from 9 climate
model pairs from CMIP3 and CMIP5. The 9 GCMs were selected by
2 main reasons: 1) the availability of the variables (Precipitation),
scenarios (CMIP3: B1 and A2; CMIP5: RCP4.5 and RCP8.5), and
based line and target projection years (1980–1999 and 2010–2099)
and 2) guideline from the previous studies for southeast Asia re-
gion (Kumar et al., 2014 and McSweeney et al., 2014). We haveexamined mean climatology for historical period 1980–1999, near
future period of 2010–2039, mid future period of 2040–2059 and
far future period of 2080–2099 with only one initial condition
ensembles, ‘run1′ from CMIP3 and ‘r1i1p1′ from CMIP5. In this
study, we considered last two decades of the twentieth century
and extracted from ‘20c3m’ and ‘historical’ experiments from
CMIP3 and CMIP5 respectively. Future monthly precipitation data
has been taken from comparable greenhouse warming scenarios,
SRES B1 and A2 from CMIP3 and RCP4.5 and RCP8.5 from CMIP5
models. The IPCC AR4 scenario SRES B1 has been reported to best
match the RCP4.5 temperature and total anthropogenic RF pro-
jections (Rogelj et al., 2012; Stocker et al., 2013). All these models
were bi-linearly interpolated into a common grid of 0.5° (720-
longitudex278 latitude) similar to the observed interpolated data.
3.3. Observed analysis
The spatial pattern of precipitation bias (in the wet season)
simulated by GCMs, for both CMIP3 and CMIP5 are compared with
the observed grid data in Fig. 6. The bias is calculated with respect
to the areal interpolated precipitation data. The multi-model en-
semble mean is also given in Fig. 6j. It is found that both CMIP3
and CMIP5 models underestimate the mean precipitation in the
southwestern and eastern regions. The models are not able to
capture the variability in the observations. The regional-scale
feedback process such as complex terrain and land-sea contrast
behavior, which cannot be represented well by the simulation,
may contribute to these ﬁndings. However, for CMIP3 model,
GFDL-CM2.0, GFDL-CM2.1, and MIROC3.2give signiﬁcant over-
estimation in most regions of the country. For CMIP5 model, GISS-
E2-H and MRI-CGCM3 overestimate the mean precipitation in the
western region and underestimate in the eastern and northeastern
regions. The CMIP3 and CMIP5 MME show similar pattern but
different magnitudes (CMIP5 gives higher mean precipitation than
CMIP3). In general, the overestimation in most models of the
precipitation in the central and northern parts of the country are
relevant for the ﬂood risks in the Chao Phraya river basin.
In this study, we are interested in hydrologic impact in the
Chao Phraya river basin. The mean annual cycle of the precipita-
tion at 4 locations (Bhumibol reservoir, Sirikit reservoir, Nakhon
Sawan, and Bangkok see Fig. 1) or 9 pairs of CMIP3-CMIP5 models
and mean observed data (in Bar) are shown in Fig. 7. The left and
right panels represent the CMIP3 and CMIP5 models with Multi-
Model Ensemble (MME) mean in black lines, respectively. The
Fig. 6. Spatial pattern of precipitation bias of CMIP3 and CMIP5 models in the wet season.
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–146observed precipitation shows double peaks (1st lower peak in May
and 2nd higher peak in August – October), except at Nakhon Sa-
wanwhich show the 1stlower peak in June. The lower peak in May
indicates the southwest monsoon season beginning while the
higher peak in September indicates inﬂuence of southwest mon-
soon and the ITCZ (Inter Tropical Convergence Zone). The lower
precipitation (Dry spell) in June and July is caused by a rapidly
northwards moving of the ITCZ across southern China. There are
more mean annual precipitation in the Sirikit reservoir than the
Bhumibol reservoir. The MME mean precipitation shows good
pattern of double peaks except at Bangkok. The majority of CMIP3
and CMIP5 models overestimate the dry spell (indicating large
bias) and the peak precipitation except at Bangkok. Therefore, the
simulation could not capture well the dry spell and land-sea
contrast behaviors.
Statistical downscaling was used in this study by the Dis-
tribution mapping (DM, Teutschbein and Seibert, 2012). The DM
performed better than the Linear scaling (LS, Lenderink et al.,
2007) as explained in Supharatid et al. (2015). The DM, corrects
the distribution shape of the monthly precipitation based on cu-
mulative distribution functions (CDFs), were constructed for both
the observed and the GCM (1980–1999) for all month. Thereafter,
the value of GCM precipitation of month m was searched on theempirical cumulative distribution function (ECDFs) of the GCM
together with its corresponding cumulative probability. Then, the
value of precipitation of same cumulative probability was located
on the ECDFs of observations. Finally, the monthly precipitation for
reference and future periods are obtained by Eqs. (1) and (2) in
terms of the Gamma CDF ( γF ) and its inverse ( γ
−F 1). Table 3
α β α β′ ( ) = ( ( ( )| )| ) ( )γ γ
−P m F F P m , , 1ref ref ref m ref m obs m obs m
1
, , , ,
α β α β′ ( ) = ( ( ( )| )| ) ( )γ γ
−P m F F P m , , 2fut fut ref m ref m obs m obs m
1
, , , ,
where the variables in Eqs. (1)–(2) are given in Table 4.
3.4. Projection by GCMs
We separately downscaled precipitation for each 9 model pairs
from both generations of models (CMIP3 and CMIP5) and com-
puted with respect the observed data at4 locations as mentioned
before. Then, we also evaluated models agreement on projecting
mean climatology at the last two decades of twentieth century
(1980–1999). Speciﬁcally we generated changes in projection
precipitation for all model pairs from CMIP3 and CMIP5 models
Fig. 7. Mean monthly precipitation of 9 pairs of CMIP3 and CMIP5 models. for the twentieth century(1980–1999) in the Chao Phraya river basin.
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future (2040–2069) and the far-future (2070–2099). Figs. 8 and 9
display the percent difference of MJJASO mean precipitation be-
tween future and present (1961–1990) periods of CMIP3(B1, A2)
and CMIP5(RCP4.5, RCP8.5) models. Each row and column re-
presents 9 GCMs and the projection of near-future to far-future,
respectively. The last row represents the Multi-Model Ensemble
mean. Most GCMs show increase in precipitation in the wet season
from the near-future to the far-future for the whole country.
Maximum increasing of more than 20% is found for the high GHGscenario (RCP8.5). Some models of CMIP3 (IPSL-CM4) and CMIP5
(GFDL-CM3, MRI-CGCM3) display signiﬁcant decreasing pre-
cipitation (of 20%) for the near future, and then gradually increase
to the far future. There are more GCMs of CMIP3 show decreasing
precipitation than CMIP5. In general, the MME mean precipitation
of CMIP5 gives higher projection than CMIP3.
The similarity between observed and model-simulated ﬁeld
can be described by the Taylor diagram. The reference data set is
plotted along the abscissa. The model data set is plotted in the ﬁrst
or second quadrant depending upon whether the correlation
Table 3
List of CMIP3 and CMIP5 global climate models used in this study.
Center CMIP3 (Resolution) CMIP5 (Resolution)
Center national de recherches meteorologiques, France CNRM-CM3 (12864) CNRM-CM5 (256128)
CSIRO, Australia CSIRO-Mk3.0 (19296) CSIRO-Mk3.6 (19296)
Geophysical ﬂuid dynamics laboratory, NOAA GFDL-CM2.0 (14490) GFDL-CM3 (14490)
Geophysical ﬂuid dynamics laboratory, NOAA GFDL-CM2.1 (14490) GFDL-ESM2M (14490)
Goddard institute for space studies, USA GISS-ER (7246) GISS-E2-H (14490)
Institute of numerical mathematics, Russia INM-CM3.0 (7245) INM-CM4 (180120)
Institut pierre simon laplace, France IPSL-CM4 (9672) IPSL-CM5A-LR (9696)
CCSR/NIES/FRCGC, Japan MIROC3.2 (medres) (12864) MIROC5 (256128)
Meteorological research institute, Japan MRI-CGCM2.3.2 (19296) MRI-CGCM3 (320160)
Table 4
Deﬁnition of symbols used in equation.
Symbols Details
α Shape parameter of gamma distribution
β Scale parameter of gamma distribution
F Cumulative distribution function (CDF)
−F 1 Inverse of CDF
P Precipitation
γ Gamma distribution
m Monthly interval
obs Observed
ref GCM 1980–1999
fut GCM 2010–2099
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–148coefﬁcient is positive or negative, respectively. The azimuthal po-
sition of model data is given by the arccosine of correlation coef-
ﬁcient between reference and model data set. The radial distances
of reference and model data points from the origin are propor-
tional to their standard deviations. The centered RMS error is
proportional to the distance between the points representing re-
ference and model data sets. The closer a model point is to the
reference data point, the lower its centered RMS error; it implies
that the model is performing relatively well. High correlation be-
tween reference and model data signiﬁes model-simulated sea-
sonal cycles are reasonably phased. In this study we use ob-
servations (TMD data) as a baseline for measuring historical per-
formance, while the ensemble medians are used as baseline for
multi-model performance measuring in the future.
Fig. 10 shows Taylor Diagrams of annual mean precipitation for
CMIP3(B1) and CMIP5(RCP4.5) models. The historical precipitation
data at 4 locations are shown in the 1st column. The 2nd, 3rd, and
4th columns represent the target near-future, mid-future, and far-
future results, respectively. Each row (1st, 2nd, 3rd, 4th) represents
hydrologic stations (Bhumibol reservoir, Sirikit reservoir, Nakhon
Sawan, Bangkok). It can be seen that both model generations
performed reasonably well in capturing the amplitude and phas-
ing of past mean annual precipitation over 4 locations. The cor-
relation coefﬁcient from all models lies between 0.6 and 0.9, im-
plying most of the models simulates the mean rainfall reasonably
well. In addition, both model generations have approximately the
same standard deviation as the observed, implying similar tem-
poral variability. However, they are different in RMS error. The
correlation coefﬁcient for the future periods does not change sig-
niﬁcantly from the historical data. Both CMIP3 and CMIP5 models
still simulate the timing of rainfall reasonably well. However, more
spatial variability and more RMS error are found for all future
periods, especially at Bangkok where is affected by the land-sea
contrast behaviors. Therefore, the past model performance does
not guaranteed future results.
The Box-whisker plots of annual variation of precipitation of
CMIP3 and CMIP5 models for A2 and RCP8.5 scenarios are given in
Fig. 11. Both the CMIP3 and CMIP5 show double peaks of theprecipitation in May-June and September-October for all future
periods with higher mean and median precipitation peaks of
CMIP5 models. Larger spreads of the precipitation are found in the
wet season (MJJASO) than in the dry season (NDJFMA). The sum-
mer monsoon precipitation has an increase trend, with an increase
in the maximum/peak precipitation in September and October. A
possibility of increase in hydrological extreme ﬂood in the wet
season may be indicated by these ﬁndings.
The precipitation projection in the Chao Phraya river basin is
analyzed for period 2010–2099 for all scenarios in this study (B1,
RCP4.5, A2, RCP8.5). The delta change factor approach was used to
indicate the difference between future and reference day climate.
The delta change is compiled for seasonal (MJJASO) scale in Fig. 12.
The observed data for the twentieth century (1980–1999) is shown
by solid line. The projection precipitation for the near-future, mid-
future, and far-future periods show seasonal variation with double
peaks similar to the observed data for the twentieth century.
Continuously increase of precipitation is found from the near-fu-
ture to the far-future period except CMIP3 (B1 and A2) show de-
creasing precipitation in May. The precipitation increase (from low
to high GHG emissions) in the wet season of 7–32% in October, 6–
28% in September, and 8–20% in September are seen for Bhumibol
reservoir, Sirikit reservoir, and Nakhon Sawan, respectively. This
implies necessary adaptation of the reservoir rule-curve operation
of the two-mentioned reservoirs in the future. In addition, in-
creasing of mean precipitation in the Chao Phraya river basin
implies more ﬂood risk, thus, will certainly be useful to the policy
makers in pondering, e.g. whether the current drainage network
system is sufﬁcient to meet the changing climate, and a range of
ﬂood adaptation and mitigation measures.4. Summary and conclusion
The massive ﬂooding and inundation in the Chao Phraya River
basin, in Thailand, caused serious damage to various activities for a
prolonged period of time. The consequence of 2011 great ﬂood was
a total of 815 deaths with 13.6 million people affected and over
20,000 km2 farmland devastated. This event has been recorded as
the most economic damage, approximately US$45.7 billion re-
ported by the World Bank. The present study analyses the skill of
the two generations of global climate model ensembles, CMIP3
and CMIP5, in projection of precipitation over the Chao Phraya
River basin. We ﬁrstly examine the ﬂood behavior in 2011 and
perform statistical downscaling for 9 GCMs of CMIP3 and CMIP5.
The measured precipitation data from 83 stations around the
country were interpolated to grid data using various methods. The
Inverse Distance Weighted, after performing cross-validation, was
found to give the best statistical performance and was used for
GCMs assessment. Both CMIP3 and CMIP5 models underestimate
the mean precipitation in the southwestern and eastern regions
for historical climatology (1980–1999). The CMIP3 and CMIP5
Fig. 8. Difference of MJJASO mean precipitation (Percent), between future and present periods.
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–14 9MME show similar pattern but different magnitudes (CMIP5 gives
higher mean precipitation than CMIP3).
We proceeded and examined more inland stations in the ChaoPhraya River basin and found that the majority of CMIP3 and
CMIP5 models overestimate the dry spell and the peak precipita-
tion except at Bangkok. The MME mean precipitation shows good
Fig. 9. Difference of MJJASO mean precipitation (Percent), between future and present periods.
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–1410pattern of double peaks in the annual cycle. The regional-scale
feedback process such as complex terrain and land-sea contrast
behavior, which cannot be represented well by the models, maycontribute to these ﬁndings. Then, we did bias correction by the
Distribution Mapping and generated changes in precipitation
projection for all model pairs with three target periods, the near-
Fig. 10. Taylor diagram of the annual mean precipitation.
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–14 11future (2010–2039), the mid-future (2040–2069) and the far-fu-
ture (2070–2099). The Taylor diagram reveals that both model
generations perform reasonably well in capturing the amplitude
and phasing of past mean annual precipitation over 4 locations.
The correlation coefﬁcient from all models lies between 0.6 and
0.9, implying most of the models simulates the mean rainfall
reasonably well. In addition, both model generations have ap-
proximately the same standard deviation as the observed, imply-
ing similar temporal variability. However, they are different in RMS
error. The correlation coefﬁcient for the future periods does not
change signiﬁcantly from the historical data. Both CMIP3 and
CMIP5 models still simulate the timing of rainfall reasonably well.However, more spatial variability and more RMS error are found
for all target future periods, especially at Bangkok where is af-
fected by the land-sea contrast behaviors. Therefore, the past
model performance does not guaranteed future results. Larger
spreads of the precipitation are found in the wet season than in
the dry season. The summer monsoon precipitation has an in-
crease trend, with an increase in the maximum/peak precipitation
in September and October. A possibility of increase in hydrological
extreme ﬂood in the wet season may be indicated by these ﬁnd-
ings. The projection precipitation for the near-future, mid-future,
and far-future periods show seasonal variation with double peaks
similar to the observed data for the twentieth century.
Fig. 11. Box plot for A2 and RCP8.5.
S. Supharatid / Weather and Climate Extremes 12 (2016) 1–1412Continuously increase in precipitation is found from the near-fu-
ture to the far-future period except CMIP3 (B1 and A2) which
shows decreasing precipitation in May. The precipitation increase
(from low to high GHG emissions) in the wet season of 7–32% in
October, 6–28% in September, and 8–20% in September are seen for
Bhumibol reservoir, Sirikit reservoir, and Nakhon Sawan, respec-
tively. This implies necessary adaptation of the reservoir rule-
curve operation of the two-mentioned reservoirs in the future. In
addition, increasing of mean precipitation in the Chao Phraya river
basin implies more ﬂood risk, thus, will certainly be useful to the
policy makers in pondering, e.g. whether the current drainage
network system is sufﬁcient to meet the changing climate, and a
range of ﬂood adaptation and mitigation measures.
However, this study still has some limitations which will be
addressed in the future research. (a) The results presented here are
basin-averaged which is large-scale changes and face difﬁculties in
translation to the local scale. The changes in mean do not reﬂectthe changes invariability and extremes, (b) the signiﬁcant changes
in land use or urbanization in the Chao Phraya River basin affect
the hydrological process, and will certainly affect the ﬂood and
drought behaviors from the changing climate.Acknowledgement
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